ABSTRACT This paper proposes a new systematic method for assessing system material wear to build a system degradation model and estimate residual technical life. Selected metal wear debris from lubricating oil, which contains information about the lubricant conditions and system conditions, is analyzed. We focus on the iron (Fe) and copper (Cu) debris, which we (and other researchers) consider to be valuable, of the contact degradation and wear failure systems. By monitoring the changes in debris content in the lubricating oil, we build a system degradation model and further predict the moment when the system no longer fulfills its functions; the residual life might then be set as the time reference to implement preventive maintenance. The degradation model is founded on the specific characteristics of a stochastic diffusion process with bivariable, using the bivariate Wiener process with a time scale transformation. An inference function to describe the dependency among the selected wear debris was also applied because the oil field data exhibit some uncertainty and correlation. Based on the degradation modeling results, the system reliability curve and the failure probability density curve predict the MTBF value and the expected mean residual life can be obtained, and provide the foundations for the condition-based maintenance of the system. However, the potential applications of the results are much broader. For instance, the results can be used as inputs to mission plan optimization and further reduce system maintenance costs.
I. INTRODUCTION
In recent years, the stable and reliable operation of complex and time-varying electromechanical systems, such as manned spacecraft, nuclear power plants and military operational platforms, has attracted increasing attention [1] . Thus, these systems should be monitored regularly to predict potential failure that may cause catastrophic consequences, and preventive maintenance (PM) should be implemented in a timely manner to extend the period during which the system is in a healthy state. The power shift steering transmission (PSST) system presented here, which is a key part in heavy-duty vehicles, works under various but mostly intense operation conditions because of its special applications. Based on the rapid development of analysis instruments and information theory, prognostics and health management (PHM), which uses measured condition monitoring (CM) information (e.g., vibration, temperature and oil field data) to evaluate the residual life (RL) of the system and provide a vital foundation for PM, has become an important research field and plays a key role in related industries [2] .
Failure caused by the severe wear of friction couplings is the primary failure of oil-lubricated machinery (e.g., diesel engines, power transmissions and hydraulic elements) and has an adverse influence on system reliability, possibly causing severe damage and loss. However, friction coupling wear is difficult to directly observe and can be indirectly assessed via offline diagnostics only [3] , [4] . As a widely used CM technique, lubricant condition monitoring (LCM) is applied at discrete times to analyze the lubricant properties and often reveals the presence of contaminated particles in the lubricant and has been demonstrated to be effective and broadly applicable to oil-lubricated machinery [5] , [6] . The test results from LCM provide an important source of CM data used to diagnose system faults or failure because the lubricating oil condition reflects the health of both the lubricating oil and the machine and can thus indirectly and accurately reflect machine condition. We focus on CM data from elemental (wear debris) analysis because they contain abundant tribological information.
Wear debris spalling from each wear component is uniformly mixed in the lubricating oil, and the amount of wear debris is one of the most common types of CM data that can be used to evaluate the system condition. With the system operating, metal wear debris accumulates in the lubricating oil, consequently accelerating the wear of friction couplings and leading to system degradation [7] , [8] . Using selected metal wear debris, many researchers have presented indicators that can characterize the severity of the underlying degradation process, and machine failure will occur when these oil field data indicators cross a threshold that is usually prescribed by practitioners [9] , [10] . Therefore, the aim of this article is to use the selected oil field data to build a system degradation model and to evaluate residual technical life. The novelty of our approach lies in integrating oil field data in a unified degradation model, extending the models that have already been introduced in recent years [e.g., see Refs. [11] - [14] ]. Here, an adaptive bivariate degradation model is established by utilizing the Wiener process with time scale transformations and the copula function to describe the correlation among the selected oil field data. The adoption of the copula function also ensures the accuracy of the RL prediction and reduces the difficulties of model parameter estimation. Then, the unknown parameters are estimated using the Bayesian Markov chain Monte Carlo (MCMC) method, as the likelihood function in such a situation is quite complicated and analytically intractable. Then, the system degradation model is initialized, and the residual technical life is predicted. To illustrate the proposed method, the estimated system reliability and the residual technical life are compared to the outcomes based on the selected oil field data. Our goal is to utilize the established degradation model to better characterize the system condition compared with the characterization depending solely on oil field data, possibly leading to an accurate evaluation of the residual technical life.
The rest of this paper is organized as follows. Section 2 provides a literature review. Section 3 describes the origin of the dataset used in this paper. Section 4 develops the degradation modeling method and describes some key elements related to the method, including the Wiener process-based degradation model, copula function and the Bayesian MCMC method. Section 5 applies the proposed method to a PSST system described in Section 3 and demonstrates the improved performance for degradation modeling and residual technical life prediction. Section 6 provides the outcomes of this research and discusses future research.
II. LITERATURE REVIEW
Many research papers have been written on machine CM, degradation modeling, RL prediction and CBM. However, not all of the previously published methods are applicable for our research. Thus, in this section, we discuss the most recent and relevant studies and organize them into two groups: studies on (1) oil field data processing for CM and on (2) degradation modeling and RL prediction based on selected oil field data. Moreover, some comparative studies that may support our objective are given in the last part of our literature review, and some inspirational insight into how tribodiagnostic information from oil field data might be utilized for degradation modeling, RL estimation and maintenance optimization are also presented.
For the PSST system, contamination in lubricating oil caused approximately 70% of the operating faults, of which more than 50% are related to metal wear debris [15] . However, wear in friction couplings is not directly observable and can be only indirectly assessed via measured CM data. Among various CM technologies (e.g., vibration-based and oil-related techniques) applicable to power transmission systems, the oil-related CM technique has been demonstrated to be effective and powerful in confirming component damage by monitoring wear debris and can be used to evaluate system condition degradation. Therefore, we draw inspiration from some current methods of wear debris monitoring and fault diagnosing. Kim et al. [16] and Wang and Zhang [17] and listed references, the analysis procedure of oil field data, mainly the spectral analysis of wear debris, is described. Spectral oil data contain more than 15 observed element concentrations, which have internal correlations of varying degrees. Liu et al. [18] and Loutas et al. [19] established the classification model of multiple friction couplings based on principal component analysis (PCA). The PCA-related method can be used for extracting representative uncorrelated variables from the original oil field data. Du et al. [20] and Carr and Wang [21] developed an oil deterioration and wear prediction model based on the hidden Markov model (HMM) and stochastic filtering. They assumed that the oil-related CM technique, such as oil spectral analysis, can be performed at discrete times to obtain oil field data related to the true underlying degradation condition. A comprehensive review of the application of different approaches in oil-based CM can be found in [22] and the references therein. We consider the oil field data to be a valuable condition indicator for oillubricated machines because wear debris accumulates in the lubricating oil during machine operation, leading to machine degradation. Our next area of interest is the degradation modeling and RL prediction based on selected oil field data. RL is important in many fields. For many years, numerous methods and techniques have been used to model the evolution of underlying degradation and its association with the oil analysis process [22] , [23] . Wan et al. [24] and Liu et al. [25] , for example, studied the composition and the distribution parameters of the wear debris in contaminant oil using mathematical statistics theory, and the equipment failure threshold determination method based on oil field data was proposed, providing a foundation for machine CM and RL estimation. Zhang et al. [26] and Zhang et al. [27] established the condition evaluation model of multiple wear components based on a support vector machine (SVM) approach and PCA, respectively, and the failure mode reorganization of different friction couplings was realized. In recent years, Yan et al. [14] and Vališ et al. [13] built a system degradation model based on selected oil field data with a stochastic diffusion process, for example, a Wiener process, to determine the real-time machine CM. A comprehensive review of the application of different approaches in machine degradation modeling and RL prediction based on oil field data can be found in [6] and the references therein. However, the main limitation of these studies is that the proposed methods consider oil field data of a single component, for example, Fe, Pb, or Cu [12] - [15] , for degradation modeling; studies have not considered oil field data of multiple components. Although it is possible to use selected oil field data to build the degradation model, this process may lead to a significant under-or overprognosis of machine degradation [28] , [29] . In other words, machine degradation has numerous paths and is complex, and it is difficult to characterize the degradation process considering only a single degradation data point. Consequently, considering only one oil field data point will lead inaccurate machine RL evaluation. Therefore, a composite degradation modeling method must be established to predict the machine RL based on selected oil field data.
Although no studies performed RL evaluation based on multiple types of oil field data, we have identified some studies on diffusion model utilization. Most of these studies are not applicable to our objective; however, some useful articles and findings are available. Zhang et al. [30] described a double-Wiener-process model, which includes two Wiener process models under the same law but with different parameters, to describe two-dimensional degradation. Unlike our proposed methodology, the systematic data fusion methodology developed by Yan et al. [31] combines multiple CM data to extract a health index (HI) that accurately characterizes the system degradation condition. Moreover, we also found some studies in which a copula function was utilized in conjunction with degradation inference and dependence modeling. For example, a bivariate degradation model based on inverse Gaussian processes and copulas was proposed by Peng et al. [32] , although their study applies the copula function in the Gaussian process. We consider the application of a copula function to be inspirational here, although our inference function is driven by other copulas. We appreciate the composition of the stochastic process, copula function and Markov system states. In our research, we expand the application of a Wiener process with a copula function to confirm our modeling of machine degradation and estimations of RL.
III. ORIGIN OF THE DATA
The oil field data were obtained for the reliability analysis from a test (Figure 1 .) of the PSST system [14] , [15] . The PSST (Figure 2 .) combines a multispeed shift system with an infinite steering system, which is widely used in tracked armored vehicles, large engineering machinery and other industries. To simulate actual operating conditions, all of the tested PSST units were tested under cyclic multi-gear, load-varying and multispeed operation that was prescribed by the manufacturer and defined by the owner. Moreover, the sampling location was selected at the entry of the fine filter to collect more wear debris information.
To ensure an identical collection error in all instances, all of the oil samples were obtained at the same location through systematic sampling and were always analyzed using the same instrument under standardized operation by well-trained and well-instructed site operators. The sampling method is based on a methodology agreed on by the entrepreneur and the oil analysis laboratory. Specifically, oil samples should be collected/stored/transported and analyzed using clean and identical equipment and instrumentation, and a corresponding volume of unpolluted oil should be added to ensure normal lubrication. There are many sampling principles; however, the details cannot be listed here because of space limitations. A more detailed description of the procedural principles for the sampling and analyzing processes can be found in [15] .
We possess oil field data consisting of more than one thousand samples collected over a period of more than 10 years. The dataset used in this paper consists of 20 training units and 5 testing units. Each unit was run to failure under the same cyclic operating condition, and more than 30 oil samples in total were collected from 0 Mh to up to 284 Mh according to the sample period of nearly 5 Mh. The concentrations in parts per million (ppm) of 15 elements were obtained after oil spectral analysis. Due to space restrictions, the spectral oil data of one PSST are shown in Table 1 .
Using the abovementioned element concentration data, the degradation model can be established; then, the RL of the PSST can be determined. However, not all the CM data can show the same degradation pattern. In the PSST system we present here (Table 2) , Fe can represent wear particles from the external toothed steel disc in wet cultch, the transmission gear, the rotary sealing, the rolling needle and planetary shaft in bearing and the conflux planetary gear train. While Cu can represent wear particles from the internal toothed friction plate in wet clutch and the caulking ring in bearing. Thus, Fe and Cu can represent all wear particles in the oil lubricating system. Therefore, we focus on wear debris, such as iron (Fe) and copper (Cu), to build a degradation model to assess the PSST system. The choice of Fe and Cu can also be made based on the PCA, correlation analysis and clustering analysis, as mentioned in [13] - [15] .
IV. BACKGROUND FOR DEGRADATION MODELING A. BROAD METHODOLOGY
In this section, we briefly explain the system degradation process and its association with the oil field data and the definition and property of the copula function and commonly used bivariate copula functions that will be utilized to describe the correlation among the selected oil field data. 
1) WIENER PROCESS-BASED DEGRADATION MODEL
Because CM data describe random variables, random processes are commonly used to model the system degradation process, among which the Wiener process has been widely used for its useful mathematical properties and clear concept. Therefore, we propose that the CM data X (t) are expressed as a Wiener process with a drift parameter, and the system degradation model is given by
where the degradation process {X (t) , t ≥ 0} is driven by a standard process {B (τ ) , τ ≥ 0}. σ and θ represent the diffusion coefficient and drift coefficient, respectively. To a random τ ≥ 0, σ B (τ ) ∼ N (0, σ 2 τ ), which was used to denote the randomness and time-varying uncertainty of the degradation process. τ (t) is a transformation function that represents the continuous positive function at time t, and τ (t) = 0. According to Whotmore et al. [33] , τ is correlated to a certain extent with the degradation mechanism of the system, and the most commonly used form is τ (t) = t γ , where γ is a positive parameter.
The system failure is defined based on the first hitting time (FHT) of the random process. More specifically, when the degradation process {X (t) , t ≥ 0} reaches or exceeds the predetermined invalid threshold, the system is identified as failed and in need of maintenance. Given the failure threshold ω, the system life time T is defined by
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2) INTRODUCTION OF THE COPULA FUNCTION
The copula function proposed by Jaworski et al. [34] can be used to model the relationship of a group of random variables. In this study, we focus on bivariate copula functions. 
Theorem 4.2: Let X and Y represent two random variables with marginal cumulative distributions F 1 and F 2 . There exists a bivariate distribution function H (x, y), which is constructed through a bivariate copula function for X and Y as
Theorem 4.3: By using the density function c(u, v) of the copula function C(U , V ) and its marginal cumulative distribution functions F and G, the density function of the joint distribution H (x, y) can be denoted by
By using a copula function, the dependence structure of two or more random variables can be modeled separately from their marginal distribution functions, and the joint distribution can be obtained afterwards. The dependence of these two random variables is characterized by C (u, v) . Therefore, the copula function is widely applied to describe the correlation among random variables with symmetrically related structures.By adopting different copula functions, different types of bivariate distribution functions can be obtained, among which the Gaussian copula and Frank copula are commonly used copula functions. For more information about copula functions, please refer to [35] , [36] .
B. BIVARIATE DEGRADATION MODEL
In this section, a bivariate degradation model was developed based on the copula function with the Wiener process to accurately characterize the underlying degradation process and precisely carry out the RL prediction. The copula inferential method that can be used to estimate the model parameters as also briefly explain.
1) DEGRADATION MODELING BASED ON THE COPULA FUNCTION
Suppose that a system has two measured CM datasets and that they are governed by a Wiener process with a time scale transformation. During the system operation, n units are tested and m oil samples are observed to determine the RL before system failure occurs, resulting in CM data measurements X ik (t j ) of the i units at times t j , i = 1, . . . , n, j = 1, . . . , m, k = 1, 2, meaning that the two CM datasets are measured simultaneously and are balanced. The measured CM dataset X (t) could be expressed as 
The increment of the kth CM dataset measurement of sample i is recorded at time t j as X ik (t j ) = X ik (t j ) − X ik (t j−1 ). From the previously mentioned Wiener process,
, according to the independent increment property, in which τ (t j ) = t
, where γ k represents the time transformation function parameter of the kth CM data and α k = (µ k , σ k γ k ) represent the parameters in the corresponding degradation path. Then, the joint distribution of X i1 (t j ) and X i2 (t j ) can be obtained using a copula function according to Sklar's theorem and is given as
in which the U ikj is expressed as
In the degenerative process of the system, the failure mechanism of the degradation process described by the selected oil field data remains unchanged. We assume that a system fails if at least one of the two CM datasets exceeds its corresponding failure threshold. Let T k (k = 1, 2) denote the failure time of the kth CM data and ω k (k = 1, 2) be the failure thresholds of the two CM datasets. Clearly, the failure time of the system is denoted as T = min {T 1 , T 2 } with a corresponding reliability function:
When σ k is relatively small compared with the corresponding failure threshold value, Equation (9) can conduct a formal approximation in the following form:
The probability density function (PDF) f (t) of failure time T is
where f k (t) = −dF k (ω k , t) /dt. Assuming that a system has not yet failed at time t h , let f
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with the corresponding PDF (12) where
2) PARAMETER ESTIMATION OF THE DEGRADATION MODEL
The bivariate degradation model parameters can be represented by θ D (µ 1 , σ 1 γ 1 µ 2 , σ 2 γ 2 α), where α is the association parameter vector for the copula function. Then, the loglikelihood function of the bivariate degradation model can be expressed as
. (13) Because the likelihood function includes more than seven parameters and is very complicated, the Bayesian MCMC method is adopted for estimating the degradation parameters. The MCMC method is used to generate a sample based on a Markov chain, providing the posterior distribution for the Bayesian approach. In this case, the Gibbs sampling algorithm is used to complete the parameter estimation. The entire estimation procedure is as follows [37] :
Step 1: Set initial values of the parameter vector θ (0) .
Step 2: For t = 1, . . . , T , repeat the following steps: (a) set θ = θ (t+1) ; (b) for j = 1, . . . , m, update θ j from the full condition posterior distribution θ j ∼ f (θ j |θ \j y), where θ \j = (θ 1 , . . . , θ j−1 , θ j+1 , . . . , θ m ) T ; and (c) set θ (t) = θ and save it as the generated set of parameter values at the t + 1 iteration of the algorithm.
Hence, given a particular state of the chain θ (t) , the new model parameter values can be obtained by
For convenience, WinBUGS was used to implement the Gibbs sampling, after which the degradation parameter θ could be determined.
V. CASE STUDY
In this section, a numerical example of PSST reliability testing is presented to investigate the rationality and effectiveness of using selected oil field data for system degradation modeling and RL prediction. In the original oil field data, 25 PSST units are tested, and samples are taken at the same time interval. We suppose that the degradation and failure of a PSST is governed by the oil spectral data of Fe and Cu, and this assumption is valid for every PSST tested, as we have analyzed in Section 3. The PSST is considered failed if one of the two selected oil field datasets exceed the predetermined threshold, in this case, 350 ppm for Fe and 20 ppm for Cu [14] , [24] . The threshold is defined by using statistical analysis of historical failure data [24] , [25] . Note that the threshold determination is an open issue in practical applications, which is not the research content of this paper. Moreover, we further assume that the two selected oil field datasets are codependent and that the correlation is described by the selected copula function. The normality and codependence have obtained in our previous research in [12] . Then, the selected oil field data will be used with the proposed bivariate Wiener process to demonstrate the degradation modeling, parameter estimation and RL prediction procedures.
A. PARAMETER ESTIMATION
Degradation parameter estimation is conducted by adopting the Bayesian MCMC method. The correlation between F 1 ( X i1 t j ) and F 2 ( X i2 t j ) was described by adopting the copula function because there is a certain uncertainty and correlation of the oil field data, due to sampling, measurement and internal/inherent factors. There are several types of copula functions. In this paper, we applied the Gaussian copula and the Frank copula, which are given as follows.
1) GAUSSIAN COPULA
The distribution function of the Gaussian copula function is given by
where (·) is a standard normal distribution function and −1 (·) is an inverse function. α ∈ (−1, 1) is the linear correlation coefficient, which is the copula parameter, and its relationship with Kendall's τ is given as τ = 2/π arcsin(α).
2) FRANK COPULA
The distribution function of the Frank copula function is given by where α ∈ (−1, ∞)\ {0}, and its relationship with Kendall's τ is given as τ = 1 + 4(ω 1 (α) − 1)/α, where
)dt is a Debye function of the first kind. According to the method mentioned in Section 4.2.2, estimation values of the degradation model parameter are obtained. The estimated parameters and its corresponding standard deviation, MCMC error and quantiles of the last 10000 realizations are presented in Table 3 .
Then, Kendall's τ can be calculated using the expressions in (14) and (15) and is also presented in Table 3 . In addition, the Akaike information criterion (AIC) for the two copulas can be calculated. The AIC is defined by
where ρ is the number of unknown parameters in the assumed model. The AIC is widely used as a guideline for model selection. When multiple potential models are available, the model with the smallest AIC values is regarded as the best choice for model fitting. Table 3 also presents the values of the AIC of the two copulas we used. Table 3 shows that the AIC values of the Frank copula are smaller than those of the Gaussian copula. Therefore, the Frank copula is selected to describe the correlation between the two selected oil field datasets.
B. RESIDUAL LIFE PREDICTION
To illustrate the validity of the proposed method, we initialize the degradation model of a random testing unit based on the estimated parameter as well as evaluate the reliability and predict the RL by using selected oil field data for comparison. Combining the predetermined threshold with the result of the Bayesian MCMC parameter estimation, as shown in Table 3 , the reliability of the tested PSST unit when the two selected oil field datasets are either correlated or independent, as well as the marginal reliability of the two selected oil field datasets, are obtained and shown in Figure 3 . A comparison diagram of the corresponding fault PDF f (t) is shown in Figure 4 . Figure 3 shows that R independent < R Frank < R Fe < R Cu . When using the two selected oil field datasets separately to model the degradation mechanism, the reliability reaches its maximum value. This result occurs because the system is considered to have failed if one of the selected oil field datasets exceeds the predetermined threshold, meaning that the two selected oil field datasets can be regarded as a series system. When considering the correlation of the two selected oil field data, the reliability calculated by the Frank copula is lower than that for the marginal distribution but higher than that for the independent assumption because the dependency between the two selected oil field datasets does not conform to the actual failure mechanism. The reliability estimation using our proposed method considering the correlation of the two selected oil field datasets is more reasonable. This useful characteristic may be conducive to system reliability assessment and maintenance strategy optimization.
The main time between failures (MTBF) of the PSST unit is also presented. (MTBF independent = 176.5Mh) < (MTBF Frank = 180.4Mh) < (MTBF Fe = 183.1Mh) < (MTBF Cu = 186.7Mh), which is the same order as the system reliability presented in Figure 3 . Furthermore, Figure 5 shows the RL prediction result for PSST unit #21. If the dependency is ignored, the RL prediction result is that shown in Figure 6 . In Figure 5 and Figure 6 , the dotted line represents the actual RL, and the starred line represents the predicted RL (operation time from 100 Mh to failure).
From the comparison between Figure 5 and Figure 6 , we observe the following: 1) The predicted RL considering the dependence is closer to the true RL.
2) The maximal difference between the predicted RL and the actual RL is 8 Mh when considering the dependency; when the depen- dency is ignored, the corresponding value is 18 Mh.
3) It seems that the prediction becomes increasingly accurate with the PSST operating from the initial state to failure. This useful characteristic of the proposed method may provide better prognostic results when using the selected oil field data for degradation modeling and RL prediction and further provides a foundation for formulating the maintenance strategy. Now, the relative error between the predicted RL and actual RL was studied to further evaluate the performance of the proposed method. Three cases are considered: 1) The predicted RL based on the proposed method considering the two selected oil field datasets. 2) The predicted RL based on the proposed method without considering the dependency.
3) The predicted RL based on each selected type of oil field data with a univariate Wiener process. For this analysis, the relative error (RE) for unit i at observation time j was first defined as the relative difference between the predicted RL and actual RL and is given by
where T i is the actual RL for testing unit i,T i,j is the predicted RL for unit i at observation time j; m i is the number of sampling times of unit i at the end of sampling and t s is the sampling interval (i.e., t s = 5Mh). The absolute value of the RE using each selected oil field dataset and the proposed method at different quantiles of the actual useful life are compared in Figure 7 . The points corresponding to the ''0'' label are the percentage errors of all five testing units in the initial state, while the points corresponding to the ''20'' label are the percentage errors equal to 20% at the actual sampling times.
From Figure 7 , we observe the following: 1) Compared with each selected oil field dataset, the proposed method considering the dependency provides the best prognostic result when used for degradation modeling and RL prediction. 2) As the PSST operates from the initial state to failure, the prediction using the proposed method becomes increasingly accurate, indicating that the proposed method is robust.
3) The RE is less than 10%, indicating that the proposed method is reliable. These useful characteristics of the proposed method have practical applications, especially related to the reliability and safety of complex and temporally dynamic electromechanism systems.
In addition to the relative errors shown in Figure 7 , the engineers are often interested in comparing the rootmean-square error (RMSE) [38] of the predicted RL and actual RL. A small RMSE represents a better prediction of the RL with less absolute error and results in a better CBM strategy with lower stock costs. Table 4 summarizes the RMSEs for all the selected oil field data and the proposed method. The results in Table 4 show that the RL prediction based on our proposed method provides the smallest RMSE compared with using a single selected oil field dataset. Thus, our proposed method results in a more accurate prediction of the RL, providing a useful reference for the rational formulation of a CBM strategy.
VI. DISCUSSIONS AND CONCLUSIONS
In this paper, a possible approach to using indirect CM data, such as selected oil field data, for system degradation modeling, reliability estimation and RL prediction was introduced. The novelty of this method is that it describes the correlation among the selected oil field data by a copula function and establishes the system degradation mechanism by a bivariate Wiener process with a time scale transformation. The validity of this approach was tested using selected spectrometric diagnostic oil data obtained from samples of several PSSTs, and the observation and analysis focused on the particle amounts of both the Fe and Cu in the lubricating oil. The results show that the proposed method and the corresponding inferential method work well.
Compared with the existing single oil field dataset-based method, this proposed method predicts the RL more accurately, especially when the system approaches failure, which is useful for not only failure occurrence prediction but also determination of the inputs for CBM optimization and cost reduction. The obtained results also complement the approaches of degradation modeling and RL prediction concerning the indirect CM of a technical condition of a system, for example, the approaches described in the works of Liu et al. [12] , Vališ et al. [13] , Yan et al. [14] . Following the conclusions of the proposed method, the results of previous approaches might be complemented when the proposed method is used in wear fault detection, health indicator extraction, maintenance interval optimization, and other PHM applications.
The main contribution of this paper is not only establishing a new direction in the degradation modeling and RL prediction of PSST by using selected oil field data to enhance the accuracy of prognostic applications but also establishing opportunities for analyzing other important diagnostic CM data, specifically for determining oil health indicators. There are several important directions for future research. First, more CM data (e.g., ferrography) tailored to system degradation modeling are necessary. Second, more degradation paths (e.g., gamma process) may have to be used when modeling other systems. Third, how to practically make effective maintenance decisions based on the proposed method should be investigated. 
